We developed an ordinary differential equation model to analyze the cost and utility (measured in quality adjusted life years, or QALYs) of three published behavioral HIV interventions that aim to reduce the risk of transmission from HIV-infected persons to their sexual partners. The ODE model maps measurements of behavioral risk reduction parameters, estimated from sampling, into costs and QALYs. Monte Carlo sampling was used to perform a probabilistic sensitivity analysis to quantify uncertainty in costs and QALYs due to parameter estimation error from sampling. The results suggested that the behavioral interventions considered in this study are most likely to be cost-saving, or at least cost-effective. Our study shows how statistical estimates of behavioral measures translates into uncertainty about health costs and outcomes and suggests implications for which data are important to collect when assessing cost-utility tradeoffs, and not just measures of risk reduction from behavioral interventions.
INTRODUCTION
The Centers for Disease Control (CDC) estimated that, at the end of 2006, 1.1 million people were living with HIV in the USA, and that 56,300 people were newly-infected each year. Because of the success of HIV treatment in recent years, HIV-infected persons live longer. At the same time, the challenge of managing the risk of transmission to the uninfected population remains. The CDC announced the Advancing HIV Prevention initiative to LQWHQVLI\ +,9 SUHYHQWLRQ HIIRUWV 2QH RI WKH LQLWLDWLYH ¶V IRXU VWUDWHJLHV ZDV WR reduce risky behaviors among HIV-infected persons which could lead to the transmission of HIV to uninfected sexual partners (Janssen et al. 2003) .
A number of studies have demonstrated the efficacy of interventions in reducing the risk behaviors. The efficacy findings from these studies, however, were measured in various forms of risk behaviors, such as the increase in condom use and the reduction in number of HIV-negative and unknown-status partners (Johnson et al. 2006 , Herbst et al. 2005 , Lyles et al. 2007 ) Without a common measure of efficacy, the benefits of these interventions cannot be evaluated against each other and compared with other types of HIV intervention prevention programs.
Cost-utility analysis (CUA) is a standard approach for comparing and evaluating multiple health interventions. CUA is based on common measures of effectiveness, such as quality-adjusted live years and costs associated with the interventions. The results from a CUA would be useful for public health policy makers in determining which intervention would be effective with best values and hence allow them to make informed decisions in allocating limited resources for HIV prevention.
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Based on our literature search, there are a limited number of cost-effectiveness or CUA studies for HIV behavioral interventions. These studies did not focus on interventions for HIV-positive adults in the US and were mostly conducted before the year 2001.
This study develops a mathematical model to assess the costs and benefits (as measured in QALYs) of three behavioral interventions for HIV-infected individuals. We consider behavioral studies of intervention programs delivered to individuals or small groups whose participants were heterosexual men and women in the USA. The outcomes of the analysis in this paper include the cost per HIV infection prevented and the cost per quality-adjusted life-year saved, although the papers that reported on the behavioral studies had a different outcome, such as the percent reduction of certain risky behaviors. Because the parameter estimates that behavioral studies are based on a statistical analysis, we also provide a probabilistic sensitivity analysis (PSA) that quantifies uncertainty about the potential costs and benefits of the interventions in both monetary and health terms. The model was implemented in Microsoft Excel spreadsheets with design goals of being transparent, user-friendly, and usable by cross-disciplinary collaborators.
METHODS
We developed a simple compartmental model of HIV transmission that is described in Section 2.1. The parameters of that modeled were varied by matching them to general population statistics as well as to parameter estimates of how different behavioral interventions change the HIV dynamics. The interventions therefore change the overall cost burden of HIV/AIDS in both monetary and health terms. We measured health benefits and costs with the model in Section 2.1. Section 2.2 describes three such behavioral interventions. The parameter estimates for the behavioral interventions are estimated with a finite set of statistics and therefore exhibit sampling error. Section 2.3 summarizes how we used the uncertainty about the estimates of risk reduction parameters to generate Monte Carlo samples from the posterior distribution of those parameters. That technique was done to enable a Bayesian probabilistic sensitivity analysis (PSA) to quantify the uncertainty about the costs and benefits of the behavioral interventions that we study, and that are due to sampling error for key infection transmission parameters. The output of the PSA was used with a cost-utility assessment as summarized in Section 2.4.
HIV Infection Model
We used the compartmental model in Figure 1 to describe the HIV infection transmission dynamics. The parameters of the model were varied through time in an attempt to assess how the changes in the behaviors of partners were influenced by the behavioral interventions. By running the model we could assess the change in the number of HIV transmissions from index cases to their partners. We used that information to assess the lifetime QALYs lost and lifetime treatment costs that are associated with such HIV transmissions. In this way, we assessed the incremental costs and QALYs associated with an intervention as compared without an intervention. In this model, an HIV-positive individual participating in the behavioral intervention program was referred to as index case. The variable S(t) describes the number of susceptible partners of index cases, per index case in the behavioral intervention, as a function of time. For example, if there are 100 index cases at a given time, and there are 325 partners of those index cases that are not HIV positive, then S(t) = 3.25 at that time. There are other state variables and a number of parameters that describe the dynamics of the model.
We describe the parameters of the compartmental model by describing the terms of its corresponding ordinary differential equation (ODE) model. That ODE is given in Equations (1) to (5).
(1) (2) (3) (4) (5) Equation (1) describes the rate of change in the number of susceptible partners per index case, S(t), over time. The term O S (t) in the compartmental model determines the rate that an index case acquires new susceptible sexual partners. The value of that rate was set by dividing the mean number of HIV-negative sexual partners per index case by the mean duration of a partnership. The term µ S (t) is the rate that a susceptible partner leaves the partnership with the index case per time period. The rate that a susceptible partner becomes infected during the partnership with an index case is J(t) + E(t), where J(t) is the rate of infection transmission from the index case and E(t) is the transmission rate due to sexual contacts with other HIV-infected individuals in the general population (other than the index case). The death rate of partners that are susceptible to HIV is Į S (t).
Equations (2) and (3) describe the rates of change in the number of asymptotically infected partners per index case, I(t), and the rate of change in the number of those with AIDS per index case, D(t). The first terms of those equations, O I (t) and O D (t), are the acquiring rate of asymptomatically infected sexual partners and that of partners with AIDS, respectively. As was O S (t), O I (t) and O D (t) were estimated by dividing the mean numbers of asymptomatically infected partners and the mean numbers of partners with AIDS, by the duration of partnership. The rates of leaving a partnership with an index case are µ I (t) and µ D (t) for an asymptomatically infected partner and for a partner with AIDS, respectively. Both µ I (t) and µ D (t) were assumed to be equal to µ S (t). An infected individual develops AIDS conditions at the rate of ȡW. The death rate of partners with AIDS conditions is Į D (t). It is assumed that all infected individuals developed AIDS conditions before they died, hence, Į I (t), was assumed to be zero.
Each newly infected partner incurs a lifetime HIV treatment costs of c, and a loss ofualityadjusted life years (QALYs). The total lifetime HIV treatment costs, C(t) and the total QALYs lost, Q(t), associated with newly infected partners increases at the rate described by Equations (4) and (5). The rates were calculated by multiplying the rate of newly infected among all partners per index case, [J(t) + E(t)]S(t), by lifetime treatment costs per infections (c) in Equation (4) and by the QALYs lost per infection (q) in Equation (5). Both rates were discounted at the annual discount rate of r%. We divided the discount rate r by n, the number of time periods per year, to obtain the discount rate per time period. Now that the model is formalized, we turn to the specification of the parameters of the model. The transmission rate, J(t), is defined by noting that the number of protected sexual contacts (i. (t) are the mean number of protected and unprotected sexual contacts per individual. The probabilities p p and p u are the transmission probabilities per protected contact and per unprotected contact respectively. Let P(t) be the probability that at least one infection occurs during the time period t to t+dt. Given this non-homogeneous Poisson process model for infection arrivals and our adaptation of the model for the finite difference (FD) tools below, we have:
).
The rate of infection at time t, J(t), therefore, are modeled by . The transmission rate ȕW between susceptible partners and other HIV-infected individual in the general population (excluding the index case) is modeled by where k is the number of unprotected sexual contacts per period among heterosexual women and men in the US, y is the number of sexual partners per individual among heterosexual women and men in the US, and P HIV is the HIV prevalence among US population. The term k/y approximates the number of unprotected sexual contacts per sexual partner per period. The number of HIV-positive sexual partners, excluding the index case equals (y-1)*P HIV . By multiplying that with the transmission probability per unprotected sexual contact, p u , we obtain the rate of transmission ȕW. In the last term of Equation (1), the death rate of susceptible partners, Į S (t), was estimated by the annual death rate among US adults.
We simulated this ODE model in a spreadsheet by using the Euler-forward method (Brennan, Chick, and Davies 2006) . This method, while offering less numerical stability than some other methods of computing with ODE models, offers an ease of implementation in spreadsheets. This method updates states on a discrete time grid, such as by where x j is the state of the system at time t j = j't and f(x j , t j ) = dx/dt. In this study, we used a 3-month time period (i.e. 't = 3 months), an interval that is consistent with the time interval reported in most behavioral studies. We followed the dynamic of the system over the period of 20 years.
All costs in the model were converted to 2009 US$ using the consumer price index for medical care 86 %XUHDX RI /DERU 6WDWLVWLFV 7KH PRGHO ¶V SDUDPHWHU YDOXHV DUH VXPPDUL]HG LQ 7DEOHV DQG
HIV Behavioral Intervention for HIV-Positive Individuals
We searched the published literature on HIV behavioral interventions, including meta-analytic and systematic reviews (Lyles et al. 2007 , Johnson et al. 2005 , Herbst et al. 2005 , Kelly and Kalichman 2002 , Crepaz, Lyles, and Wolitski 2006 . We focused on individual and small group interventions for HIV-infected individuals that aimed at changing behaviors through counseling. We only considered studies with quantitative results, and therefore did not study those with dichotomous or categorical measures (such as Wolitski et al. 2005 , Richardson et al. 2004 ). Three studies were included in our analysis (Table 2) . Although some interventions also targeted drug risk behaviors, we only focused on sexual risk behaviors in our analysis. Kalichman et al. (2001) examined group intervention focused on strategies for practicing safer sex. Patterson et al. (2003) studied a brief counseling that focused on condom use, safer-sex negotiation, and serostatus disclosure. The intervention of Rotheram-Borus et al. (2004) consisted of two-module counseling focused on coping with RQH ¶V VHURstatus and staying healthy, and reducing substance use and unprotected sexual acts. (2001) did not report the mean number of unprotected sex acts but rather a percentage value. We estimated the mean number of unprotected acts by multiplying the percentage value by the mean number of sex acts per 3-month period among US adults from Weinhardt at al. (2004) , studying almost 4,000 HIV-positive individuals in four major US cities. The standard errors of the mean values were computed from the standard deviations of the outcomes reported in the intervention studies where possible. Rotheram-Borus et al. did not report such standard deviations. We therefore estimated the standard errors of this intervention using similar data from Weinhardt et al. (2004) .
Only one of the studies (Rotheram-Borus et al. 2004 ) reported the costs of intervention (also called program costs). For the other two studies, we estimated the program costs based on provided details about intervention delivery, including the number of program staff delivering the intervention, the total number of sessions, the session duration, and the average number of clients served per session. We assumed that WKH SURJUDP ¶V GHOLYHU\ VWDII ± or facilitators -would have an education background similar to that of a medical and public health social worker, and multiplied the total program delivery time by the average hourly wage of a social worker in the United States in 2008 ($22.87, US Bureau of Labor Statistics, 2008) plus 30% for fringe benefits (total, $29.73 per hour). We divided by the number of clients to get the perclient facilitator costs.
In order to estimate more complete program costs, including those for recruitment, training, supervision, administration, supplies, equipment, facility space and participant costs, we examined two additional cost studies involving HIV-infected person. One was an ART adherence case management program in Los Angeles County persons in which clients met one-on-one with a case manager for 14 times on average during a six-month period to address barriers to ART adherence (Garland et al. 2007) . The other was a 10-session program for up to 15 participants per session to reduce risk behaviors among HIV-infected injection drug users in four U.S. cities (Tuli et al. 2005) .
%DVHG RQ WKH GDWD IURP WKHVH WZR FRVWV VWXGLHV WKH SURSRUWLRQ RI WKH FRVW RI D FDVH PDQDJHU ¶V WLPH WR the total societal costs was estimated at 0.25. Therefore, we assumed that the facilitator costs estimated for the program considered in this study were 25% of societal costs. To arrive at societal costs, we divided the facilitator costs by 25%. Table 3 
Probabilistic Sensitivity Analysis
We used Monte Carlo sampling to explore the effect of parameter uncertainty on the cost and effectiveness results. Since we focused on the effect of intervention on the risky sexual behaviors and the infection transmissions among partners, we only sampled parameters related to sexual behaviors. Table 4 presented the selected model parameters and the sampling distributions. We assumed that the number of sexual partners and the number of unprotected sexual contacts follow gamma distributions. The parameter of gamma distribution, Į and E were derived from the mean ( ĮE) and standard errors (6( VTUWĮE 2 )), i.e. Į 2 /SE 2 , and E=SE 2 /µ. 
Cost-Utility Analysis
For each intervention, the model was run for 1000 iterations using parameters from Tables 2-4. In each simulation run, the model calculated the total number of infections among partners per index case, the discounted QALYs lost per index case, and the discounted HIV lifetime treatment costs per index case, in both With-intervention and Without-Intervention scenarios. The method of common random numbers was used for the two scenarios. The mean discounted lifetime HIV treatment costs saved by the intervention is the mean of the differ-HQFHV LQ WKH GLVFRXQWHG OLIHWLPH +,9 WUHDWPHQW FRVWV LQ WKH µ:LWK ,QWHUYHQWLRQ ¶ DQG µ:LWKRXW ,QWHUYHQWLRQ ¶ scenarios. Similarly, the mean discounted QALYs saved by the intervention is the mean of the differences in the discounted QALYs lost in the two scenarios. The incremental cost-effectiveness ratio (ICER) is
The program is considered cost-saving if the saving of total lifetime HIV treatment cost exceeds the program costs. In which case, the ICER will be negative. The program is considered cost-effective if the ICER is less than or equal to $50,000, a widely used threshold in public health economic evaluation. Figure 2 All interventions were cost-saving when the model used the sample mean as a point estimator of the given parameters. When uncertainty was accounted for in the parameter estimates, we estimate that the probability that an intervention was cost-saving or at least cost-effective was 98.5%, 99.9% and 92% for Kalichman et al., Patterson et al. and Rotheram-Borus et al., respectively, based on 1000 Monte Carlo samples from the posterior distribution of the behavioral risk parameters.
RESULTS

CONCLUSIONS
We conducted a cost-effectiveness analysis of behavioral risk reduction interventions which aim to reduce risk behaviors of HIV-positive individuals. This was needed in order to extend the variety of intermediate outcomes reported elsewhere into cost-effectiveness values that can be used to compare across various in-WHUYHQWLRQV 7R PRGHO WKH UDQJH RI LQWHUYHQWLRQ ¶V HIILFDFLHV WKH RXWFRPHV IURP WKUHH +,9 LQWHUYHQWLRQ studies were considered in the analysis. The costs of intervention, if not available, were estimated based on the details of the intervention delivery published in the studies. The results suggested that behavioral interventions, such as those in Kalichman et al.(2001) , Patterson et al (2003) and Rotheram-Borus et al. (2001) , can potentially reduce the risk of HIV transmission, particularly if the behavioral changes are sustained over time. Information regarding the duration of intervention effects and the duration of sexual partnership is important to better estimate transmission risk and intervention effectiveness. The duration of these behavioral changes seem to strongly influence the magnitude of the cost effectiveness of these programs, but the duration of effectiveness seems to be an open question. The cost-effectiveness analyses also showed that the three interventions studied above were most likely to be cost-saving, or at least cost-effective, because the program cost estimates were much lower than the savings of lifetime treatment cost of HIV. Among the three interventions, Patterson et al. appeared to cost least and save more QALYs than the other interventions.
The robustness of the cost and effectiveness results depends significantly on the assumptions made to overcome three main challenges encountered in this study. First was the lack of comparable sexual behaviors data from the three studies to be able to project the number of infections averted and QALY saved. Secondly, not all studies provided a measure of variation of these behavioral outcomes. In order to obtain such data, we used the baseline behavior data from Weinhardt et al. (2004) , conducted from relative large sample size of HIV-positive individuals in the US. Thirdly, the intervention program costs were not available in the publications. We estimated these costs based on available information and assumption about the resource use. The costs could vary significantly if the interventions were to be applied in practice. With these limitations, our study should be considered as an analysis of potential impacts of a behavioral intervention on the risk behaviors, estimated in terms of cost and final health outcomes. 
